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Abstract 12 
Despite the Normalised Difference Vegetation Index (NDVI) has been used to make predictions on 13 
forage quality, its relationship with bromatological field data has not been widely tested. This 14 
relationship was investigated in alpine grasslands of the Gran Paradiso National Park (Italian Alps). 15 
Predictive models were built using remotely sensed derived variables (NDVI and phenological 16 
information computed from MODIS) in combination with geo-morphometric data as predictors of 17 
measured biomass, crude protein, fibre and fibre digestibility, obtained from 142 grass samples 18 
collected within 19 experimental plots every two weeks during the whole 2012 growing season. The 19 
models were both cross-validated and validated on an independent dataset (112 samples collected 20 
during 2013). A good predictability ability was found for the estimation of most of the 21 
bromatological measures, with a considerable relative importance of remotely sensed derived 22 
predictors; instead, a direct use of NDVI values as a proxy of bromatological variables appeared not 23 
to be supported. 24 
Keywords 25 
NDVI, MODIS, time series, nutritional quality, biomass, grassland, Alps. 26 
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Introduction 27 
The variability in nutrient content of pastures over time is of key importance in understanding the 28 
population dynamics of herbivores relying on grasslands as their only food resource. Normalised 29 
Difference Vegetation Index (NDVI) [Rouse et al., 1974] is widely used to monitor vegetation and 30 
plant responses to environmental change [Pettorelli et al., 2011]. NDVI is directly related to the 31 
fraction of absorbed photosynthetic active radiation intercepted (fAPAR) both theoretically [Sellers 32 
et al., 1992; Myneni and Williams, 1994] as well in the field [e.g. Di Bella et al., 2004; Viña and 33 
Gitelson, 2005; Richardson et al., 2007; Gitelson et al., 2014], in particular within herbaceous 34 
environments such as grasslands [e.g. Moreau et al., 2003; Fensholt et al., 2004; Boschetti et al., 35 
2007; Li et al., 2010]. The correlation of NDVI with other characteristics of the canopy is only 36 
indirect, and needs to be empirically tested for different sensors and cover types [Roberts, 2001]. 37 
Biomass and Leaf Area Index (LAI) are probably the physical parameters which have been tested 38 
more in a large number of different environments: forests [e.g. González-Alonso et al., 2006; Tan et 39 
al., 2007; Madugundu et al., 2008], rice fields [e.g. Casanova et al., 1998; Wang et al., 2007; Gnyp 40 
et al., 2014], dry crops [e.g. Quarmby et al., 1993; Thenkabail et al., 2000; Marti et al., 2007; 41 
Boschetti et al., 2009] and extensive herbaceous lands [e.g. Moreau et al., 2003; Wang et al., 2005; 42 
Beeri et al., 2007; Darvishzadeh et al., 2008]. The relationship between NDVI and chemical 43 
parameters such as nitrogen content or digestibility has been tested only in few cases instead, and 44 
the lack of field validations of this relationship casts doubts on the usability of NDVI as a 45 
standalone estimator of forage quality [Pettorelli et al., 2011]. Islam et al. [2011] reported a high 46 
correlation between NDVI and nitrogen content of maize plants, but only at one specific 47 
phenological stage (8-leaf stage). Other studies linked NDVI with faecal crude protein (FCP) of 48 
large herbivores, which is considered a reliable indicator of the quality of vegetation [Cordova et al., 49 
1978; Leslie and Starkey, 1985; Hodgman et al., 1996]. For example, Ryan et al. [2012] showed a 50 
positive relationship between log transformed NDVI and nitrogen faecal content of African Buffalo 51 
(Syncerus caffer) and Hamel et al. [2009] found a negative relationship between integrated NDVI in 52 
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June and the date of the peak in FCP of mountain goats (Oreamnos americanus) and bighorn sheep 53 
(Ovis canadensis). Other studies used NDVI as a proxy of nutritional content of grasslands without 54 
validating it with field measures [Griffith et al., 2002; Boone et al., 2006; Pettorelli et al., 2007; 55 
Mueller et al., 2008]. 56 
Another requirement in using remotely sensed data, besides field validation, is that spatial 57 
resolution should be adequate to recognise the surveyed surface, in order to reduce the presence of 58 
mixed pixels, which could lead to wrong estimations of parameters. For example, this may be an 59 
issue if estimations of grass biomass are done for pixels which contain also woodland [Elvidge and 60 
Lyon, 1985; Huete et al., 1985; Huete and Tucker, 1991]. 61 
Moderate Resolution Imaging Spectroradiometer (MODIS) data is probably the most widely used 62 
satellite data for phenological analyses, since its daily temporal resolution allows to reconstruct 63 
temporal profiles of vegetation indices, and its fifteen years long time series permits to explore 64 
changes of phenological parameters over time [Pettorelli et al., 2005; Boschetti et al., 2009]. The 65 
spatial resolution of MODIS (250 m for red and NIR bands; 500 m or 1 km for other bands) is 66 
sufficiently detailed for extensive high altitude grasslands such as those found on the Tibetan 67 
plateau and other mountain areas of China, characterised by large extensions and high homogeneity; 68 
indeed, most of the studies which use MODIS data to estimate forage quality in alpine grassland 69 
environments have been conducted in these sites [e.g. Zha et al., 2005; Gao et al., 2009; Zhang et al., 70 
2011; Mao et al., 2012; Cong et al., 2013; Liang et al., 2013; Zhang et al., 2013; Xu et al., 2014]. 71 
Instead, in the European Alps, grasslands are typically located in the alpine zone, which is generally 72 
fragmented between lower woody and higher rocky habitats, with a consequent higher spatial 73 
heterogeneity (at these elevations large uplands are uncommon, especially in the Western Alps). 74 
The high heterogeneity of grasslands in the European Alps entails that pure grassland 250 m pixels 75 
tend to be enclosed by mixed pixels, adding noise to the estimates when using NDVI as the only 76 
predictor of the nutritional content of pastures.  77 
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Being able to reliably estimate changes in the nutritional value of alpine grasslands over the last 78 
decades might be critical for better understanding the population dynamics of alpine herbivores. 79 
The case of the population of Alpine ibex (Capra ibex) in the Gran Paradiso National Park (GPNP, 80 
Northwester Italian Alps) is particularly emblematic: the dynamics of the population, estimated 81 
from total counts performed by park wardens since 1956 [von Hardenberg et al., 2000], was well 82 
explained up to 20 years ago by the interaction between winter snow depth and population density 83 
[Jacobson et al., 2004]. However, deterministic models fail to predict the decline in the population 84 
from nearly 5000 individuals counted in 1993 to little more than the 2300 counted in 2009 even 85 
when including in the models information on the age structure of the population [Mignatti et al., 86 
2012]. Pettorelli et al. [2007] suggested that changes in the phenology and in forage quality due to 87 
climate change are negatively related to Alpine ibex kid survival and thus to the decline in the total 88 
population due to lack of recruitment. However, Pettorelli et al. [2007] based this hypothesis on the 89 
simple correlation between a crude NDVI-based indicator (NDVImax, estimated on 1 × 1 km 90 
squares and averaged over the whole territory of the GPNP) and yearly estimates of Alpine ibex 91 
kids survival. An estimation of the nutritional content of Alpine pastures in the GPNP made by 92 
calibrating a model with ground references would permit to more thoroughly investigate the 93 
interaction between climate change, grassland phenology, forage quality and the dynamics of  the 94 
Alpine ibex population. The aim of this study is thus to assess the contribution of remotely sensed 95 
predictors from MODIS NDVI time series combined with geo-morphometric information to 96 
estimate the nutritional content of forage in Alpine grassland characterised by high environmental 97 
heterogeneity. 98 
Methods 99 
Study area 100 
All field data have been collected within the territory of the GPNP (45.40° – 45.65° N, 7.07° – 7.58° 101 
E). The morphology of this area is typical of western Italian Alps, with high altitudinal ranges: 102 
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valley bottoms are located between 1000 and 2000 m, while ridges rarely are at less than 3000 m 103 
(the highest altitude is reached at 4061 m, at the top of Gran Paradiso). Grasslands are located in the 104 
middle part, in the alpine zone (2200-2700 m), between woodlands and snow habitats (rocks, screes 105 
and glaciers): for this reason grassland surface appears very fragmented. Also the lithological 106 
composition of the area is quite heterogeneous, due to the presence of both calcareous and siliceous 107 
formations (calcschist ophiolite units – which are present mainly in the western part of the GPNP – 108 
define a mosaic of acid and basic soils, while granite gneisses – found mostly in the eastern part – 109 
are mainly acid). This condition, together with the heterogeneity in the exposure of mountainsides 110 
(mainly South in the southern part and East or West in the northern, but very variable due to the 111 
presence of a lot of deep small valleys), contributes to the presence of diversified plant communities. 112 
Field data 113 
Field data were collected during the 2012 growing season within 19 experimental plots, the 114 
maximum number of plots which one single operator can sample within the given time interval (see 115 
Figure 1 and Figure 2 for details). These plots have been chosen within GPNP alpine grasslands 116 
taking into account the following restrictions: (i) a minimum distance of 500 m from woodland, to 117 
avoid the possible interaction of this surface in the determination of the NDVI pixel value; (ii) a 118 
minimum distance of 1 km between plots, to minimise the autocorrelation between MODIS values; 119 
(iii) a balanced coverage of the altitudinal range of the grasslands and of the different exposures. 120 
[Figure 1 about here] 121 
[Figure 2 about here] 122 
Each plot is composed of a squared surface of 3 × 3 m, enclosed to prevent grazing from domestic 123 
and wild herbivores. Enclosures were located on a homogeneous surface, enough representative of 124 
the surrounding buffer of 300 m (in terms of exposure, slope and microhabitat). Data collection was 125 
done from the beginning of the growing season (second half of May – end of June, depending on 126 
the plot) to the end of September (when all the vegetation communities in the plots reached 127 
senescence), with an interval between consecutive samples of two weeks. With this experimental 128 
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design a total of 142 samples was obtained (from 4 to 10 samples for each plot). Each plot was 129 
divided into sectors of 50 × 50 cm; during each sampling session, all the grass present in one of 130 
these sectors was cut (with the exception of the eventual dry grass remaining from the year before). 131 
Also, a 1 × 1 m surface was reserved to take, each time, measures about grass height (taking 16 132 
measures into each square with the help of a regular grid). 133 
A supplementary set of samples used for validation purposes (see paragraph Model validation) was 134 
collected in 2013 in the early part of the season (June and July) with a different data design: in this 135 
case, each sample was cut within a different plot, to improve spatial distribution of points. Points 136 
were randomly generated on a 250 × 250 m grid with stratification (5 points in each cell) within 137 
alpine grasslands. To grant that validation would not be performed in different environmental 138 
conditions from the ones considered during model calibration, point selection was done only within 139 
the sectors in which 2012 sampling plots are present, and considering only points included in the 140 
altitudinal range of the 2012 dataset (2026-2804 m). 141 
Collected samples were weighed (wet weight), dried in a ventilated oven at 60° C for 48 hours and 142 
weighed again (dry weight). Samples were analysed as described by Palmonari et al. [2014] to 143 
obtain, for each sample, the following nutritional information: (i) the relative content of crude 144 
protein (CP), obtained using the official semiautomated method AOAC 976.06 [AOAC, 1990]; (ii) 145 
the fraction of neutral detergent fibre (NDF), obtained using the method exposed by Goering and 146 
Van Soest [1970] with the modifications of Mertens et al. [2002]; (iii) the fraction of acid detergent 147 
fibre (ADF) and lignin (ADL), obtained with the official method AOAC 973.18 [AOAC, 2000]; (iv) 148 
the NDF digestibility after 24 hours (dNDF24) and 240 hours (dNDF240), measured by incubating 149 
forage in buffer fluids, obtained from rumen fluid of live cows, at body temperature under 150 
anaerobic conditions. The dNDF24 is estimated as the fraction of digested NDF after 24 hours, 151 
while dNDF240 is estimated from the fraction of indigestible fibre remaining after 240 hours 152 
incubation [Goering and Van Soest, 1970]. 153 
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All the data used in this paper are publicly available on “figshare” repository [Ranghetti and 154 
Palmonari, 2015; Ranghetti et al., 2015]. 155 
Satellite data 156 
Data taken from the MODIS TERRA MOD09Q1 250 m dataset, validated version V005 [NASA LP 157 
DAAC, 2014] were used, selecting all the images relatives to years 2012-2013 for the tile h18v04. 158 
This product provides  composite images with a period of 8 days (in which the value of each pixel 159 
is the best value considering all 8 days) and two spectral bands, RED (red band, 620 – 670 nm) and 160 
NIR (near infrared band, 841 – 846 nm). Information about the day of acquisition of each pixel 161 
(DOY: Day of the Year, the progressive integer starting from the beginning of the solar year) was 162 
taken from the MODIS MOD09A1 product, since the MOD09Q1 dataset does not provide them. 163 
Preprocessing of MODIS images has been done using R [R Core Team, 2014], GDAL 1.11.0 164 
[Warmerdam, 2008] and Modis Reprojection Tool 165 
(https://lpdaac.usgs.gov/tools/modis_reprojection_tool). The script used is publicly available as part 166 
of the “LR EstGrass” project on GitHub [Ranghetti, 2015]. 167 
Images were maintained in the original sinusoidal projection to avoid reshaping noise. NDVI maps 168 
were obtained by applying, for each pixel, the formula (NIR – RED) / (NIR + RED). 169 
Nineteen seasonal series from 2012 NDVI maps were considered, extracting values at the plot 170 
positions. Since spatial resolution (250 m) is quite coarse in a heterogeneous environment, each 171 
pixel value can vary consistently from its neighbours; for this reason, associating to each plot the 172 
exact value of the pixel in which the plot lies appeared rough estimated. Therefore, each value was 173 
computed from its image with a bidimensional 3 × 3 kernel gaussian lowpass filter (σ = 1), taking 174 
into account the distance from each plot to the centres of the nearest pixels. To filter unrealistic 175 
extreme variability from our data, values identifiable as isolated peaks or pits (NDVI values whose 176 
difference from both the preceding and the succeeding value was more than 0.1) were first erased; 177 
then the series were smoothed by fitting a local polynomial regression [Cleveland et al., 1992] 178 
between NDVI and time. With these methods seasonal series resulted more homogeneous, but they 179 
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are not continuous, since only one value for each period of eight days is available. To obtain daily 180 
values for each time series, the predictions were extended using a spline interpolation [Press et al., 181 
1992]. 182 
The NDVI values were extracted from this preprocessed daily dataset in order to relate to each field 183 
record (using values which refer to the exact days of acquisition of each field sample); time series 184 
of experimental plots are shown in Figure 3. This work-frame has been used also for the field data 185 
collected in 2013. 186 
[Figure 3 about here] 187 
Data analysis 188 
Dependent variables and predictors 189 
Data analysis was performed with the open source statistical environment R version 3.1.1 [R Core 190 
Team, 2014] using packages sp [Pebesma and Bivand, 2005], rgdal [Bivand et al., 2014], raster 191 
[Hijmans, 2014], relaimpo [Grömping, 2006] and car [Fox and Weisberg, 2011]. The script used is 192 
publicly available as part of the “LR EstGrass” project on GitHub [Ranghetti, 2015] (release 1.0). 193 
The relationships between predictors and the following nutritional parameters as dependent 194 
variables (Y) were modelled: Aboveground biomass (AB), crude protein (CP), neutral detergent 195 
fibre (NDF), acid detergent fibre (ADF), lignin (ADL), NDF digestibility at 24 hours (dNDF24) and 196 
NDF digestibility at 240 hours (dNDF240). AB is an absolute measure (expressed in grams), while 197 
the others are relative measures on total content (range 0-1). Each nutritional parameter was 198 
modelled separately as a dependent variable (Y). 199 
In order to estimate these nutritional parameters, both morphometric and phenological parameters 200 
were used. While morphometric predictors can be easily obtained from a Digital Elevation Model 201 
(DEM), phenological parameters depends on seasonality; thus remotely sensed information is 202 
necessary to estimate them. Details about the used predictors and the methods to quantify or 203 
estimate them are described below. 204 
Elevation 205 
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Elevation was extracted from the 10 m TINITALY digital elevation model [Tarquini et al., 2007; 206 
Tarquini et al., 2012]. Elevation values have been computed with a 3 × 3 kernel gaussian lowpass 207 
filter, as done for the NDVI values. 208 
North-South aspect 209 
An aspect map was derived from the elevation map and values were computed using the nearest 210 
neighbour method. From this map the North-South component of the aspect (aspectNS) was derived 211 
as the additive inverse of cosine of the aspect, which can vary from –1 (North) to 1 (South). 212 
Beginning of growing season 213 
The date of beginning of the growing season (BGS) represents a temporal metric useful to 214 
synthesise the variability between phenology of different stations [Chen et al., 2000]. BGS was 215 
estimated as the day when each seasonal series reached a threshold relative value t (a threshold is a 216 
fraction of the maximal annual NDVI range). Figure 4 represents how this metric (along with Dmax 217 
and NDVImax, described in the following paragraphs) were computed. This approach was proposed 218 
by Fontana et al. [2008] who used a value of t ≈ 0.75 to estimate the BGS. However, this value of t 219 
cannot be used with our data because of the different spatial resolution (250 m in our case and 220 
500 m in Fontana et al. [2008]). Thus, t was recomputed using NDVI time series compared with our 221 
2012 field data, obtaining t = 0.51 as best threshold value. The methodology of this estimation is 222 
described in supplementary material S1, along with the analysis of the efficiency. 223 
[Figure 4 about here] 224 
BGS dates were used also to recompute, for each sample, the date from solar progressive Day Of 225 
the Year (DOY) to phenological day (DOS, Day Of the Season): DOS = DOY – BGS. 226 
NDVI maximum value 227 
NDVI is a measure of reflectivity, and its relation with biomass is known [Pettorelli et al., 2005; 228 
Boschetti et al., 2009]. So the maximum NDVI value (NDVImax) can provide information about 229 
the maximum seasonal productivity. This metric was simply computed as the maximum value 230 
among all the daily ones within each plot. 231 
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Day of NDVI maximum value 232 
The date in which this maximum NDVI value was reached (Dmax) was also considered as a proxy 233 
for the day of peak of the season: in fact, the NDVI decrease corresponds to a senescence of 234 
vegetation, so the starting day of this decrease may represent the moment in which grass stops to 235 
increment its biomass and begins to dry. 236 
Daily NDVI 237 
Daily values of NDVI were used in combination with DOY (Day Of the Year) or DOS (Day Of the 238 
season) in order to allow the generation of daily measures of the Y dependent variables (see 239 
paragraph Satellite data for the preprocessing methods used to obtain daily NDVI values). 240 
Model development 241 
Here are described the models used to estimate Y dependent variables. First, the correlation matrix 242 
between predictors was computed in order to avoid collinearity (using Spearman’s rank correlation 243 
ρ coefficients). Three couple of variables resulted autocorrelated: BGS-Dmax (ρ = 0.75, p-244 
value = 0.0011), BGS-elevation (ρ = 0.90, p-value < 10-4) and Dmax-elevation (ρ = 0.81, p-245 
value = 0.0002): for this reason, elevation and Dmax were excluded. 246 
Then, for each dependent variable, the following possible predictive linear models were built (using 247 
here and in the rest of the paper the modified Wilkinson-Rogers notation for linear models 248 
[Wilkinson and Rogers, 1973], widely used in statistical languages such as R): 249 
1) Y ∼ BGS + NDVImax + aspectNS + NDVI × DOY 250 
2) Y ∼ BGS + NDVImax + aspectNS + NDVI × (DOY + DOY2) 251 
3) Y ∼ BGS + NDVImax + aspectNS + NDVI × (DOS + DOS2) 252 
Model selection was performed based on the Akaike Information Criterion [Akaike, 1974; Burnham 253 
and Anderson, 2002]. A linear model with DOS (Day Of the Season ) at first order only was not 254 
built, since DOS is a linear combination of DOY and BGS, so this model would present the same 255 
AIC as the first model. 256 
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In order to evaluate the relative impact of each predictor, which is fundamental to understand the 257 
contribution of each predictor to the estimation of Y dependent variables, the R2 contribution 258 
averaged over orderings among regressors [Lindeman et al., 1980; Chevan and Sutherland, 1991] 259 
were computed. The adjusted R2 (adj-R2) of the final models were also computed to measure the 260 
proportion of predicted variance. Moreover, the R2 of the univariate models between each response 261 
variable and NDVI were computed to better check the proportion of variance which is explained by 262 
NDVI oneself. 263 
Model validation 264 
To validate these models two different methods were used: a leave-one-out cross-validation [Picard 265 
and Cook, 1984] and a validation with data collected during season 2013. 266 
Since the season 2013 was quite different from the precedent, with a delayed snow melting (about 3 267 
weeks) and summer temperatures generally lower, the use of the 2013 dataset allows to check the 268 
robustness and generalisation power of the defined models; also, it allows to improve the spatial 269 
interpolation, since the samples were collected in a greater number of plots (114 instead of 19; see 270 
paragraph Field data). 271 
Validation was performed using RMSE (Root-Mean-Square Error) and MAE (Mean-Average 272 
Error). 273 
Normalised values of RMSE and MAE (respectively NRMSE and NMAE) were also computed as 274 
the ratio between RMSE or MAE and the ranges of the Y in the 2012 datasets, in order to obtain 275 
values which are comparable being on the same scale. The residual distributions (mean and 276 
standard error) were also considered to detect the presence of bias in the predictions. 277 
Results and discussion 278 
Seasonal trend of variables 279 
Figure 5 (solid lines) shows the trend of variables during the season. 280 
[Figure 5 about here] 281 
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While protein content (CP) and NDF digestibility at 24 hours (dNDF24) present a clear decreasing 282 
trend, fibre variables (NDF, ADF and ADL) increase during the season. In particular, crude protein 283 
shows a very regular trend into each plot seasonal series: once the day of beginning of growing 284 
season (DOS) has been reached, the protein content shows a regular decrease, in agreement with 285 
results of other studies [Pérez Corona et al., 1998; Mountousis et al., 2011]. Aboveground biomass 286 
(AB) and NDF digestibility at 240 hours (dNDF240) do not show a clear trend (but it is possible to 287 
notice an increase of biomass in the first part of the season). 288 
Model characteristics and role of variables 289 
The relative importance of each predictor in the models was summarised in Table 1. It is possible to 290 
notice that the predictor with the greater R2 contribution is time (Day of the Year – DOY – or Day 291 
of the Season - DOS – at first and second order); only in the case of aboveground biomass (AB) 292 
DOY is not the predictor with the greater R2 contribution. This evidences are in agreement with the 293 
seasonal trend of variables discussed in the paragraph above (the presence of a regular seasonal 294 
trend is reflected by a high relative importance of DOY). 295 
[Table 1 about here] 296 
The remaining portion of variance is mainly explained by remote sensing derived predictors: the 297 
date of beginning of growing season (BGS), the maximum seasonal NDVI value (NDVImax) and 298 
the daily NDVI value (NDVI). It is interesting to notice that daily NDVI solely explains a limited 299 
portion of variance (generally between 0.01 and 0.06, and greater than 0.10 only in the case of AB), 300 
while the contribution of seasonal parameters derived from NDVI (BGS + NDVImax) is greater 301 
(between 0.07 and 0.24). The univariate relation between each experimental variable and NDVI 302 
better highlights the lack of direct correlation between these two quantities (see Table 2): indeed, 303 
with the exception of AB, for which a correlation with NDVI is shown, although low (R2 = 0.25), in 304 
all the other cases R2 are lower than 0.10. These results show that, in accordance with the literature 305 
[Mueller et al., 2008; Pettorelli et al., 2011], NDVI used as a single proxy is a very poor predictor of 306 
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the nutritional properties of Alpine grasslands, explaining not more than 10% of the total variance 307 
in most of the examined nutritional properties of Alpine grasslands. 308 
[Table 2 about here] 309 
This fact is evident also from Figure 5: the more variance is explained from the temporal predictor, 310 
the more the temporal trend of variable is regular. So in the case of biomass, in which the temporal 311 
predictor has a lower effect, the predicted values do not present a regular trend, since they are 312 
affected by each single NDVI value. At the opposite, when the day of the year has a higher 313 
importance there is a clear regular trend. For example, the predictions of CP are driven by a clear 314 
second order decreasing trend, that fits well the measured values. Also the predictions of NDF 315 
digestibility at 24 hours are linearly decreasing during the season. Predictions of neutral detergent 316 
and acid detergent fibre are instead linearly increasing. Globally, adjusted R2 values ≈ 0.5 were 317 
found for most of the models, with the exception of crude protein (adj-R2 = 0.8) and of NDF 318 
digestibility at 240 hours (adj-R2 = 0.33): these values demonstrate that models fit quite well field 319 
data, in consideration of the high environmental heterogeneity of the study area. 320 
Model validation 321 
The use of both cross-validation and validation on an independent dataset allowed to analyse the 322 
robustness of each model to temporal extrapolation. 323 
[Table 3 about here] 324 
[Figure 6 about here] 325 
Table 3 shows validation metrics computed on both 2012 and 2013 validation sets, while Figure 6 326 
compared measured and predicted values for 2012 and 2013. Using the 2012 dataset allows to 327 
obtain results that confirmed the calibration metrics (RMSE are generally acceptable, with NRMSE 328 
values never greater than 0.20, and mean Y differences are close to zero). 329 
The model validation using the 2013 dataset led to different results. With the exception of biomass 330 
(AB), which showed results comparable with 2012 cross-validation ones, RMSE and MAE values 331 
result greater than with the 2012 data, providing thus less support to the models. Validation with the 332 
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2013 dataset provided worse results, which in some cases allowed to recognise the predictive power 333 
of models (CP, NDF and dNDF24), while in some others forced to reject them (ADF, ADL and 334 
dNDF240). Results about each single variable are discussed below. 335 
Aboveground biomass. The only variable for which 2013 validation metrics are better than 2012 336 
ones is biomass (AB). This model is well supported by the results of the validation model 337 
(NRMSE = 0.11 and NMAE = 0.09, values which are acceptable and lower than in 2012) and its 338 
predictions are not biased (ΔY =  –4±16 g). The reason of that could be attributed to the low portion 339 
of variance explained by temporal predictor (DOY and DOY2): thanks to this, it was possible to 340 
better make temporal extrapolations. 341 
Crude protein. The predictive power of crude protein (CP) decreased using 2013 dataset 342 
(NRMSE = 0.14 and NMAE = 0.11, while with cross-validation these values are respectively 0.09 343 
and 0.07), but these values are comparable with the values obtained for other well-predicted 344 
variables, and predictions are not biased (ΔY = 0.00±0.03 g): for this reason, CP can still be 345 
considered predictable. 346 
Fibre digestibility. Regarding the digestibility, is it possible to notice a different behaviour 347 
between NDF digestibility at 24 (dNDF24) and 240 hours (dNDF240). In the first case models are 348 
able to explain about half of the total variance, and validation metrics for 2013 dataset 349 
(NRMSE = 0.16, MAE = 0.13) are not different from the ones in 2012 (NRMSE = 0.14, 350 
NMAE = 0.11); however a little bias in the 2013 predictions is present (∆Y = –0.07±0.05; see also a 351 
graphical overestimations in Figure 6). The reason of this bias could be similar to the one 352 
hypothesised for crude protein: since the temporal predictors are more important in the model than 353 
NDVI, predicting values in a different season could produce less accurate results. NDF digestibility 354 
at 240 hours cannot be predicted, since its model explains too little variance (adj-R2 = 0.329). 355 
Fibre. Also in the predictions for fibres a difference similar as in the case of digestibility was 356 
noticed. In the case of neutral detergent fibre (NDF) the model is quite good and supported by 357 
validation results (NRMSE = 0.16, NMAE = 0.14 for 2013); a bias is not evident from ∆Y 358 
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distribution (∆Y = 0.03±0.06), but a little underestimation is graphically suggested. Acid detergent 359 
fibre (ADF) and lignin (ADL) models have to be rejected because validation with 2013 data clearly 360 
fails (NRMSE = 0.4, NMAE = 0.4 for ADF; NRMSE = 0.5, NMAE = 0.4 for ADL). There is a 361 
possible reason for these difference within both fibre and digestibility (predictability of dNDF24 362 
and NDF but not of dNDF240, ADF and ADL) considering the nature of these variables: cellulose 363 
and lignin are the vegetal component which less manifest themselves into visible effects (like 364 
greenness), and NDF digestibility at 240 hours is linked to their relative content more than in the 365 
case of NDF digestibility at 24 hours [Clipes et al., 2006; Casali et al., 2008]. 366 
Models’ improvement 367 
All these results evidence how remotely sensed information can contribute to predict the daily 368 
values of nutritional content of grassland, since the relative importance of remote sensing derived 369 
predictors (measured as R2 relative contribution) is quite relevant. Nevertheless, the experimental 370 
design used for this work did not allow to take advantage of inter-annual variability for the 371 
calibration of models, since they are built basing on field data collected in a single growing season; 372 
consequently, temporal extrapolation made on 2013 dataset (which cannot be used also for 373 
calibration, since samples are not collected during the whole growing season) evidenced a loss in 374 
predictive performance. For these reasons, a recalibration of models performed on a field dataset 375 
collected on a longer time window appear to be convenient before an operational use of models. 376 
Furthermore, the use of different vegetation indices could also be exploited [Barati et al., 2011]. 377 
However, in this paper only NDVI was considered because additional MODIS spectral bands, 378 
required for the computation of most of these indices (typically blue or green bands), are not 379 
available at 250 m resolution. Making a spatial disaggregation of these bands or using data at 500 m 380 
or 1 km spatial resolution was avoided, since it could be potentially misleading in the context of 381 
high environmental heterogeneity of our study area. Equally, the use of different remotely sensed 382 
data (multi-spectral or hyper-spectral) appeared inconsistent with the perspective of an analysis of 383 
the vegetation dynamics in the past, since a temporal resolution of few days is required in the 384 
16 
 
context of our study area (in which cloud cover is frequent), and in our knowledge no other data 385 
sets with a sufficiently good temporal resolution are freely available for the past fifteen years. 386 
Conclusions 387 
This study showed how satellite data can be useful to estimate some important bromatological 388 
properties of alpine grasslands. 389 
First, the correlation between single NDVI values and nutritional variables resulted low (in the case 390 
of biomass, a variable for which a direct link with the vegetation index is known) or absent (in the 391 
other cases): this result evidenced how the use of this remotely sensed index as a proxy for them can 392 
lead to errors. Nevertheless, MODIS data resulted useful for the estimation of temporal dynamics of 393 
pastures, which concur to explain a substantial portion of variance in terms of R2 contribution. In 394 
particular, dates of beginning of growing season (BGS) predicted from satellite data showed a high 395 
correlation with ground truth (adj-R2 = 0.84), confirming the validity of our method. 396 
The possibility to estimate phenological predictors from MODIS data allowed to make predictive 397 
models of nutritional variables; anyway, it is evident that not all these variables can be predicted in 398 
the same way and with the same accuracy. Our results showed that the defined models allow to 399 
make predictions on biomass, crude protein, NDF digestibility at 24 hours and neutral detergent 400 
fibre, but not on NDF digestibility at 240 hours, acid detergent fibre and lignin. In the case of 401 
biomass, protein and neutral detergent fibre (and partially with NDF digestibility at 24 hours) the 402 
goodness of these models for doing temporal extrapolations was confirmed by validating them with 403 
2013 data. 404 
Our findings pave the road for a multi-annual analysis of changes in nutritional content of Alpine 405 
grasslands in terms of crude protein, NDF digestibility at 24 hours, neutral detergent fibre and 406 
biomass, which could be potentially useful to better understand the complex effects of climate 407 
change on the population dynamics of Alpine herbivores. However, in order to predict variable 408 
depending on specific seasonal condition with empirical multivariate model it is convenient to have 409 
a calibration dataset that includes multi annual data; so, to improve temporal robustness the 410 
17 
 
recalibration of the models with field data collected in other seasons appears convenient before 411 
operationally use them. 412 
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Figures and tables 679 
 680 
Figure 1 – Position of the 2012 (yellow squares) and 2013 (blue crosses) experimental plots within the Gran Paradiso National 681 
Park: red line represents park boundary; green area represents grassland surface; coordinates of the grid are in 682 
geographical units (WGS84). Little map shows the position of the Gran Paradiso National Park within the Alps (Background 683 
by Lencer via Wikimedia Commons, licence CC BY-SA 3.0). 684 
    685 
 ORC.FUM, 2012-05-12 ORC.FUM, 2012-06-17 ORC.FUM, 2012-08-11 ORC.FUM, 2012-09-17 686 
    687 
 NIV.BOR, 2012-06-30 NIV.BOR, 2012-07-15 NIV.BOR, 2012-07-29 NIV.BOR, 2012-09-18 688 
Figure 2 – Photos of two experimental plots, Alpe Fumetta (ORC.FUM, 2145 m) and Plan Borgnoz (NIV.BOR, 2688 m), in 689 
four different seasonal growing stages.  690 
29 
 
 691 
Figure 3 – Seasonal trend (2012) of NDVI values. Points are NDVI values computed from MOD09Q1 before the smoothing 692 
(see paragraph Satellite data), lines represent daily smoothed values. 693 
 694 
 695 
Figure 4 – Yearly 2012 NDVI profile of a sampling field plot (DJO.TZA): points are the values taken from MOD09Q1 696 
products as described in section “Satellite data”, line is the daily interpolation. Points marked with “×” are the NDVI values 697 
corresponding respectively with BGS (51% of the maximum NDVI range) and Dmax (maximum NDVI value: NDVImax). 698 
  699 
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 700 
Figure 5 – Seasonal trends (2012) of field variables (each row represents one variable) for 4 sample field sites (one per column; 701 
see supplementary material S2 for the graphics of all the 19 field plots). Solid lines represent the field measures, dashed lines 702 
represent predicted values, dotted lines border 95% confidence intervals. 703 
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 704 
Figure 6 – Predicted values of each variable compared to the measured ones. Values of 2012 dataset are marked with black 705 
“+”, 2013 ones with blue “×”. 706 
  707 
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Table 2 – Univariate analysis of variance between each experimental variable and pure NDVI values. t test coefficients and 709 
their p values refer to NDVI predictor; R2 values are also given. 710 
Y t value Pr (|t|) R2 
AB 6.7 < 0.001 0.25 
CP –2.6 0.010 0.04 
NDF –1.2 0.225 0.00 
ADF 1.5 0.124 0.01 
ADL 4.3 < 0.001 0.11 
dNDF24 –1.6 0.106 0.01 
dNDF240 –4.0 < 0.001 0.09 
  711 
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Supplementary material S1: estimation of BGS from NDVI time series 714 
The procedure used to estimate the date of beginning of growing season (BGS) is here described. 715 
The aim is to identify a threshold relative value t of the maximal annual NDVI range which can be 716 
considered as the value corresponding to the start of grass growth. The method proposed by Fontana 717 
et al. [2008] was used; t was recomputed considering BGS as the day when the mean grass height 718 
(measured as described in paragraph Field data) exceeds the value of 5 cm. To compute this value, 719 
our 2012 field time series were interpolated with a spline to obtain daily values, as done for NDVI. 720 
Only 11 of 19 plots were used (in the 8 rejected plots, mean grass height was already greater than 5 721 
cm in the first sampling). For each of the possible t thresholds (the 99 percentiles of each NDVI 722 
range), the days dt when seasonal series reached t were computed. To avoid the influence of false 723 
detection in not meaningful period (winter), the first 100 days of the solar year were not considered. 724 
Then the difference between BGS and each dt was analysed in terms of days of offset (OD) and 725 
adjusted R2, calculated as showed in equations [S1-1] and [S1-2], where BGSj and dtj are the values 726 
of BGS and dt in each plot j, and RSSt and TSSt are respectively the residual sum of squares and the 727 
total sum of squares of the linear regression between dt and BGS. 728 
 OD𝑡 =
1
𝑛plot
∑ (𝑑𝑡𝑗 − BGS𝑗)
𝑛plot
𝑗=1  [S1-1] 729 
 adj-R2 = 1 − 𝑛plot−1𝑛plot−2 
RSS𝑡
TSS𝑡
 [S1-2] 730 
The method resulted efficient, allowing both to select the best threshold value (t = 0.51) and to well 731 
estimate the field measured BGS date (adj-R2 = 0.84). 732 
Figure S1-1 shows, for each possible value of t, the offset days (ODt) and the adjusted R2 values 733 
(adj-R2t). The lowest absolute OD has been obtained with t = 0.51 (with this value of t ODt = 0), 734 
which was then selected as best threshold value. 735 
36 
 
  736 
Figure S1-1 – Estimation of the NDVI threshold to use as BGS: OD (offset days) and adj-R2 737 
computed for each threshold value. 738 
To check that this threshold is not only unbiased but also a good estimator of BGS, the adjusted R2 739 
was calculated as described in paragraph Model development. With t = 0.51 we obtained adj-740 
R2 = 0.84, which is one of the highest obtained with all the possible threshold values (Figure S1-1), 741 
justifying the use of t = 0.51 in the subsequent analyses. 742 
  743 
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Supplementary material S2: seasonal trends (2012) of field variables 744 
745 
 746 
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747 
748 
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750 
 751 
Figure S2 – Seasonal trends (2012) of field variables. Solid lines represent the field measures, dashed lines represent 752 
predicted values, dotted lines border 95% confidence intervals. 753 
